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Abstract. Automatic generation of radiology reports seeks to reduce
clinician workload while improving documentation consistency. Existing
methods that adopt encoder-decoder or retrieval-augmented pipelines
achieve progress in fluency but remain vulnerable to visual-linguistic bi-
ases, structural misalignment, and lack of explicit multi-hop clini-
cal reasoning. We present NEUROSYMB-MRG, a unified framework that
integrates NeuroSymbolic abductive reasoning with active uncertainty
minimization to produce structured, interpretable reports. The sys-
tem maps image features to probabilistic clinical concepts, composes
differentiable logic-based reasoning chains, decodes those chains into
templated clauses, and refines the textual output via retrieval and con-
strained language-model editing. An active sampling loop driven by rule-
level uncertainty and diversity guides targeted training optimization and
promptbook refinement. Experiments on standard benchmarks demon-
strate consistent improvements in structural coherence and interpretabil-
ity and standard language metrics compared to representative baselines.
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1 Introduction

Radiology reports are essential for documenting imaging findings and clinical
impressions, yet manual authoring is time-consuming and scales poorly, motivat-
ing automated report generation [2625]. Early work adapted encoder—decoder
captioning with attention, followed by spatially aware mechanisms, memory and
meshed-memory modules, and retrieval- or prototype-based fusion [202/6/5/4127],
while recent systems leverage frozen large language models with lightweight
visual alignment and prompt tuning [28/T4]. Despite gains in fluency, public
datasets such as MIMIC-CXR and IU X-ray introduce distributional imbal-
ance and label noise that hinder reliable end-to-end learning [I2/8]. Persistent
challenges include hallucinated but fluent statements from data-limited text de-
coders, the absence of explicit multi-hop reasoning for clause-level justifications,
and poor coverage of low-prevalence conditions due to imbalance and rarity.
Prior remedies using cross-modal causal interventions, memory networks, and
diagnosis-driven prompts improve evidence use but do not yield integrated,
human-interpretable reasoning chains with rule-level uncertainty quantification
[IRBITTI9]. We address these gaps by combining differentiable neuro-symbolic
reasoning with retrieval-augmented generation and an uncertainty-aware active
sampling loop, enabling end-to-end optimization with decodable hard rules for
explanation and directing clinician effort toward ambiguous, high-impact cases
for improved data efficiency and factual reliability [I5ITIS0JT3I16].

Our contributions are as follows. First, we formulate radiology report gener-
ation as a structured mapping from image to a triple of probabilistic concepts, a
differentiable abductive reasoning chain, and a templated textual draft, and we
implement a differentiable logic layer that composes soft logical operators into
multi-hop rules suitable for medical claims. Second, we design a hybrid genera-
tion pipeline that decodes soft rule activations into canonical clause templates,
augments these drafts with retrieval evidence and constrained LLM paraphras-
ing, and employs a verifier to detect high-risk contradictions. Third, we introduce
an active uncertainty minimization mechanism that measures rule-level predic-
tive entropy with Monte Carlo dropout, selects diverse high-entropy cases using
a k-center strategy, and uses a learned feedback simulator to accelerate targeted
training optimization. Finally, we validate the design on standard benchmarks
and show that integrating explicit reasoning and rule-level active sampling im-
proves structural coherence and interpretability and common language metrics
relative to strong baselines. The experimental setup, ablations, and implemen-
tation details are informed by common practices and datasets in the field.

2 Related Work

2.1 Radiology Report Generation Strategies

Radiology report generation has progressed from adapting generic encoder—decoder
captioning with attention [26l25] to domain-specific spatial mechanisms such as
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adaptive sentinel control and bottom-up attention [20J2], followed by Transformer-
based meshed-memory and relational architectures with cross-modal memory
and hierarchical alignment that better connect visual findings to anatomical se-
mantics [6J5/4I3T]. Subsequent advances improved diagnostic reliability via pro-
gressive generation and reinforced alignment [2T22] and increasingly employed
large language models through prompt tuning and frozen-weight designs [14128].

2.2 Neural-Symbolic AI and Differentiable Reasoning

Neural-symbolic methods combine statistical learning with explicit logical struc-
ture to improve interpretability in clinical reasoning [15], leveraging differen-
tiable formulations such as fuzzy Zadeh T-norms to build learnable logic-gate
networks for gradient-based Boolean composition [30] and enabling end-to-end
reasoning in structured tasks like trajectory prediction [I]. Higher-level frame-
works addressing abductive inference [7] further demonstrate their capacity for
interpretable medical explanation, with logical constraints preserved throughout
training to maintain faithfulness beyond black-box models.

2.3 Uncertainty Estimation and Active Learning

Bayesian dropout provides reliable predictive uncertainty in high-risk tasks such
as seismic inversion [I3] and medical diagnostics, enabling hallucination mit-
igation and targeted supervision. These signals also support active learning
strategies that pair uncertainty with diversity-based selection [16], while broader
frameworks in multi-agent reinforcement learning and retrieval-augmented struc-
turing [I0] motivate our use of active uncertainty reduction within the neuro-
symbolic reasoning module.

2.4 Pre-training and Knowledge Integration

Modern medical vision systems build on large-scale datasets such as MIMIC-
CXR [12] and curated radiology collections [8], with self-supervised learning [23]
and knowledge integration techniques [I83] enabling robust, evidence-grounded
representations. Additional advances including medical semantic augmentation
[29], prototype-based modeling [27], graph-guided semi-supervision [32] and
diagnosis-aware prompting [I1] further strengthen consistency and align data-
driven predictions with expert reasoning.

3 Methodology

3.1 Formal Problem Characterization

We define the diagnostic task as a mapping M from a high-dimensional radiolog-
ical image I € RFT*XWXC to a structured interpretative tuple R = (C,L,T). In
this framework, C' represents a set of probabilistic clinical concept activations, £
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Fig. 1: Architectural overview of the NEUROSYMB-MRG framework for trans-
parent and clinically grounded radiology report generation.

signifies a multi-step neuro-symbolic reasoning trajectory, and T denotes the syn-
thesized textual report. The objective is to optimize M such that the generated
R aligns with the ground-truth report R* through the following transformation:

M:Iw R=(C,LT) (1)
where I serves as the visual input and R encapsulates the clinical findings and
logic.

3.2 Architectural Framework

The proposed architecture synchronizes five modular agents to convert raw pixels
into clinical narratives. This pipeline integrates self-supervised visual encoding,
differentiable logic for transparency, and retrieval-augmented generation under
an automated orchestration protocol.

3.3 Visual Representation and Feature Projection

A self-supervised visual backbone f,. extracts localized patch features X €
RM*C" from the input image, formulated as:

X:fve(I) (2)

where M denotes the spatial patch count and C’ indicates the feature dimen-
sionality. To align these representations with the language model’s latent space,
a linear projection fpo; computes visual tokens V' € RMXD.

V= foroj(X) (3)

where D represents the embedding dimension of the language decoder.
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3.4 Concept Prediction and Spatial Integration

The concept extraction module employs a transformer-based mechanism to cap-
ture inter-patch dependencies. The initial features X undergo self-attention
within a transformer encoder block to yield refined features X':

X' = TransEnc(X; Nj, = 8) (4)

where N}, specifies the number of attention heads. Global context is then aggre-
gated via average pooling to produce a vector z € RC":

Kl

1 M
= Z X7, (5)
m=1

where X/ refers to the m-th attended patch. This representation is fed into a
multi-layer perceptron to derive K concept probabilities ¢ € [0, 1]%:

¢ = O'(Wz RCLU(W13_3 + bl) + bg) (6)

where W and b are learnable weight matrices and bias vectors, and o denotes
the sigmoid activation.

3.5 Differentiable Neuro-Symbolic Logic

Transparent reasoning is achieved through a soft operator network ry that simu-
lates Boolean algebra using t-norms. We define conjunction as the product a - b,
disjunction as the probabilistic sum a + b — ab, and negation as 1 — a. Each
diagnostic rule j is structured as a soft tree with learnable gating weights «:

Node(u,v; o) = a - AND(u,v) + (1 — «) - OR(u, v) (7)

where « € [0,1] modulates the transition between logical operations. The acti-
vation for a specific rule j is expressed as:

7 =9;(&6;) (8)

where @; represents the composed logic and 6; denotes the internal parameters
governing the soft tree structure.

3.6 Algorithmic Report Synthesis

The synthesis process converts rule activations into human-readable text by
selecting templates from an inventory 7. A rule decoder d yields a sequence
of clauses £ through a slot-filling mechanism:

o~

£=d(f):(l1,...,lH) (9)
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where [; is a generated clause and H is the total count of prioritized rules. To
enhance clinical accuracy, we retrieve N, relevant fragments R from a vector
database using the pooled visual embedding v:

R = Retrieve(v; N,.) (10)

where v is obtained by pooling visual tokens V. The final report fdraft is then
assembled by a filler function F that fuses retrieved evidence with decoded rules:

Tirate = F(L,R,T) (11)

where T represents the pre-defined template skeletons.

3.7 Orchestration and Conflict Mitigation

The five modules operate in a fixed sequential pipeline: visual encoding, UMLS
validation, logic composition, template filling, and contradiction detection. When
conflicting claims arise for a specific slot s, a coordinator resolves the ambiguity
by confidence-weighted voting over agent confidences ~;:

xs = arg max g Vi (12)
x
1T =T

where x% is the consensus value and +; is the confidence score of the i-th agent.
A knowledge agent adjusts ; via UMLS consistency checks; the pipeline is de-
terministic consensus, not learned negotiation.

3.8 Stochastic Uncertainty and Adaptive Sampling

To optimize the learning process, we quantify model uncertainty using predictive
entropy H 7] derived from Tyc stochastic passes:

R
Hf] = — Z 7jlog 7 (13)

where 7 is the mean activation across dropout samples and R is the rule cardi-
nality. This metric guides an active sampling strategy that selects k samples by
maximizing both uncertainty and feature diversity. A learned feedback simula-
tor, implemented as a rule-level binary classifier trained on historical correction
patterns, predicts whether a rule activation would be flagged incorrect, replacing
human review during training.

3.9 Multi-Objective Optimization Strategy

The parameters are updated using a weighted composite loss £ that balances
reconstruction, concept accuracy, and rule fidelity:

L= NLi+ Noll6] (14)
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where \; are task-specific coefficients. We implement homoscedastic uncertainty
weighting to adapt these coefficients dynamically during training;:

~ 1
L:ZT‘?QH%@H‘;IWHQ (15)

where o; is a learnable scalar representing the task-dependent noise level, ensur-
ing no single objective dominates the gradient descent process.

Table 1: Quantitative comparison on IU X-ray and MIMIC-CXR, with best
results in bold and second-best values underlined.

Method \ IU X-ray[8] \ MIMIC-CXR[1Z]

| B1 B2 B3 B4 RL MTR|B-1 B2 B3 B4 RL MTR
Show-Tell[26] 0.243 0.130 0.108 0.078 0.307 0.157|0.308 0.190 0.125 0.088 0.256 0.122
Transformer[25] 0.372 0.251 0.147 0.136 0.317 0.168|0.316 0.199 0.140 0.092 0.267 0.129
Att2in[24] 0.248 0.134 0.116 0.091 0.309 0.162|0.314 0.198 0.133 0.095 0.264 0.122
AdaAtt[20] 0.284 0.207 0.150 0.126 0.311 0.165|0.314 0.198 0.132 0.094 0.267 0.128
Up-Down|[2] - - - - - - |0317 0.195 0.130 0.092 0.267 0.128
M2Transformerl[6] 0.402 0.284 0.168 0.143 0.328 0.1700.332 0.210 0.142 0.101 0.264 0.134
R2Gen|[5] 0.470 0.304 0.219 0.165 0.371 0.187|0.353 0.218 0.145 0.103 0.277 0.142
Contra.Attn.[T9] 0.492 0.314 0.222 0.169 0.381 0.193|0.350 0.219 0.152 0.109 0.283 0.151
CMCL(I7] 0.473 0.305 0.217 0.162 0.378 0.186|0.344 0.217 0.140 0.097 0.281 0.133
CMN[] 0.475 0.309 0.222 0.170 0.375 0.191|0.353 0.218 0.148 0.106 0.278 0.142
Aligntransformer|[31] 0.484 0.313 0.225 0.173 0.379 0.204|0.378 0.235 0.156 0.112 0.283 0.158
M2Tr.Prog. [21] 0.486 0.317 0.232 0.173 0.390 0.1920.378 0.232 0.154 0.107 0.272 0.145
CMM+RL[22] 0.494 0.321 0.235 0.181 0.384 0.201|0.381 0.232 0.155 0.109 0.287 0.151
XPRONET*[27] 0.491 0.325 0.228 0.169 0.387 0.202|0.344 0.215 0.146 0.105 0.279 0.138
MCGN[29] 0.481 0.316 0.226 0.171 0.372 0.190|0.373 0.235 0.162 0.120 0.282 0.143
PPKEDIIg] 0.483 0.315 0.224 0.168 0.376 — |0.360 0.224 0.149 0.106 0.284 0.149
RAMT[32] 0.482 0.310 0.221 0.165 0.377 0.195|0.362 0.229 0.157 0.113 0.284 0.153
R2GenGPT|28] 0.482 0.306 0.215 0.158 0.370 0.200|0.387 0.248 0.170 0.123 0.280 0.149
VLCI' [3] 0.324 0.211 0.151 0.115 0.379 0.166|0.357 0.216 0.144 0.103 0.256 0.136
PromptMRGIIT] 0401 - - 0098 0.281 0.160/0.398 - - 0.112 0.268 0.157
MedRAT[9] 0455 - - 0129 0349 - 0365 - - 0086 0251 -
MRG-LLM[14) 0.529 0.359 0.266 0.202 0.408 0.221]0.416 0.267 0.182 0.129 0.296 0.163

NeuroSymb-MRG (Ours)‘0.602 0.425 0.321 0.253 0.463 0.275|0.487 0.332 0.234 0.175 0.362 0.225

4 Experiments

4.1 Datasets and evaluation metrics

We evaluate NEUROSYMB-MRG on the MIMIC-CXR dataset [I2], which pro-
vides 377,110 images and 227,835 reports, using the standard split of
368,960,/2,991/5,159 images and 222,758,/1,808/3,269 reports for training, val-
idation and testing, and on IU X-ray [§] with 7,470 images and 3,955 reports
under a patient-disjoint 7:1:2 split. Performance is quantified using BLEU-1 to
BLEU-4, ROUGE-L, and METEOR.
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Table 2: Ablation results for NEUROS

YMB-MRG on MIMIC-CXR, where | de-

notes performance decreases relative to the full model.

Model Variant

‘BLEU-I BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR‘ AB-1

Full NeuroSymb-MRG | 0.487 0.332 0.234 0.175 0.362  0.225 | -
1. Core Architectural Components
w/o Self-Supervised Visual Encoder (Random Init) 0.412 0262 0175 0.124 0.298 0.168 |-15.4%
w/o Concept Attention Head (Raw Patch Features) 0.401  0.251  0.168  0.118 0.288 0.159 |-17.7%
w/o Differentiable Logic Layer (End-to-End MLP) 0.428 0.278 0.190 0.136 0.315 0.185 |-12.1%
w/0 Rule-Guided Decoder (Direct LLM Generation) 0.439 0289 0.198  0.144 0.321 0.191  |-9.9%
II. Key Mechanisms (Novel Contributions)
w/o Active Uncertainty Minimization (Random Sampling)| 0.463  0.310  0.217  0.161 0.342 0.208 |-4.9%
w/0 Feedback Simulator (Direct Clinician Review) 0476 0324 0.228  0.170 0.354 0.218 |-2.3%
w/0 Modular Coordination (Single-Pipeline) 0.468 0.315 0.221  0.164 0.346 0.213  |-3.9%
w/o Knowledge Agent (No UMLS Validation) 0.472 0319  0.224  0.167 0.349 0.215 |-3.1%
w/o Verifier Agent (No Contradiction Check) 0.475 0.323  0.228  0.170 0.353 0.217 |-2.5%
w/0 Dynamic Loss Weighting (Fixed A) 0471 0318 0222 0165  0.348 0213 |-3.3%
1II. Retrieval and Generation Components
w/o Retrieval-Augmented Filling (N, = 0) 0.459  0.305 0.216  0.161 0.339 0.206 |-5.7%
w/o LLM Constrained Refinement (Template Only) 0.481 0326  0.230 0.172 0.356 0.220 |-1.2%
w/o Instance-Level Prompt Customization 0.445 0.292  0.203  0.150 0.328 0.198 |-8.6%
1V. Baseline Comparisons
Pure Neural Baseline (CNN+RNN) 0.398 0.248  0.165 0.116 0.285 0.156  |-18.3%
Standard Transformer Baseline 0.416  0.268 0.182  0.129 0.302 0.171  |-14.6%

4.2 Implementation details

The system uses a ConvNeXt-Tiny backbone pretrained on ImageNet-1K to
extract 7 x 7 features (M = 49, C' = 768) projected into a D = 4096 token
space, employs 50 learnable prompts, trains all modules with Adam (batch size
6, learning rate 1 x 107%) for 15 epochs on IU X-ray and 10 on MIMIC-CXR
using PyTorch on four RTX 4090 GPUs, and performs active sampling with five
MC-dropout passes and a per-round budget of 16 examples.

Table 3: Combined ablation results on the differentiable logic module, decoding
strategies, training strategies, and retrieval settings on MIMIC-CXR.

Configuration

‘BLEU-] BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR

Full: Soft Tree (Prod. T-Norm + Prob. Sum -+ Gate)‘ 0.487 0.332 0.234 0.175 0.362 0.225
Operator ablation: Min/Max T-norm / Conorm 0479 0.325 0.228  0.170 0.355 0.219
Operator ablation: Lukasiewicz T-norm / Conorm 0473 0.319 0.223  0.166 0.350 0.214
Operator ablation: Gédel T-norm / Conorm 0.468 0.315 0.219  0.162 0.345 0.210
Composition ablation: Fixed a = 1.0 (AND only) 0.452  0.299  0.206  0.151 0.332 0.200
Composition ablation: Fixed a = 0.0 (OR only) 0.461  0.308  0.214  0.158 0.340 0.207
MLP baseline (no symbolic structure) 0.441  0.290  0.200  0.147 0.325 0.195
Decoding ablation: no uncertainty qualifier 0.478 0.324  0.227  0.169 0.354 0.218
Decoding ablation: no weighted vote 0.469 0.316 0.221  0.164 0.347 0.212
Full Strategy 0.487 0.332 0.234 0.175 0.362 0.225
Loss weighting: Fixed weights 0.471  0.318 0.222  0.165 0.348 0.213
Loss weighting: GradNorm 0.480 0.327 0.230 0.172 0.357 0.221
No rule supervision (LmlC removed) 0.435 0.285 0.197 0.145 0.322 0.192
Active sampling: Random selection 0.463 0.310 0.217  0.161 0.342 0.208
Active sampling: Entropy only 0475 0.323  0.228  0.170 0.353 0.217
Active sampling: Diversity only (k-center) 0.469 0.317 0.222  0.165 0.348 0.212
Retrieval ablation: N, = 0 (no retrieval) 0.459  0.305 0.216  0.161 0.339 0.206
Retrieval size N, = 10 0.485 0.330 0.232  0.174 0.360 0.223
No LLM constrained paraphrasing 0.482 0.328 0.231 0.172 0.358 0.221
Without feedback simulator 0.476  0.324  0.228  0.170 0.354 0.218
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4.3 Experimental Results and Comprehensive Ablations

As shown in Table [I, NEUROSYMB-MRG outperforms all baselines across lan-
guage and semantic metrics on IU X-ray and MIMIC-CXR. Ablation results
in Table [2] and Table [3] underscore the necessity of each component: the dif-
ferentiable logic pipeline remains the primary performance driver, while the in-
tegration of learnable gating, uncertainty-aware decoding, and active-learning
strategies (sampling and feedback) ensures optimal data efficiency and mini-
mizes overconfident errors.

5 Conclusion

We presented NEUROSYMB-MRG, a neuro-symbolic framework that integrates
differentiable abductive reasoning with retrieval-augmented generation and ac-
tive uncertainty minimization to produce structured and interpretable radiology
reports. The proposed architecture produces interpretable rule-level explanations
and leverages rule-level uncertainty to focus targeted training where it matters
most. Empirical results show improved structural coherence and interpretabil-
ity and standard automatic metrics on widely used public benchmarks. Future
work will explore clinical knowledge integration, multi-institutional validation,
and efficacy metrics beyond n-gram overlap.
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